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Abstract
When searching for a target within an image our brain can adopt different strategies, but which
one does it choose? This question can be answered by tracking the motion of the eye while
it executes the task. Following many individuals performing various search tasks we distinguish
between two competing strategies. Motivated by these findings, we introduce a model that captures
the interplay of the search strategies and allows us to create artificial eye-tracking trajectories,
which could be compared to the experimental ones. Identifying the model parameters allows us
to quantify the strategy employed in terms of ensemble averages, characterizing each experimental
cohort. In this way we can discern with high sensitivity the relation between the visual landscape
and the average strategy, disclosing how small variations in the image induce changes in the strategy.
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INTRODUCTION
What visual strategy do we employ when searching for a familiar face in a crowd and
how would it change if we had to find a friend in a well organized choir? For instance, do
we explore each face sequentially or do we pick them randomly until reaching our target.
Along these lines, it is not at all obvious whether there exists a characteristic strategy that
is related to the scene content. To shed light into this problem it is necessary to find a
method that allows us to identify and quantify particular features associated to the strategy
adopted while searching for a hidden target.
Different models have been developed with the goal of understanding what guides eye
movement during visual search (see Ref. [1] for a review). One family of these models is based
on the construction of saliency maps, which define regions of interest derived from properties
of scene objects (such as luminescence, color, orientation) [2–7]. By definition these salient
regions stand out from other parts of the scene and are therefore more susceptible to frequent
eye fixations. In the context of visual search, these models prove to be more suitable for
tasks involving a small number of equally relevant distractors, which are essentially all items
in the scene that are not targets of the search [8, 9]. On the other hand, in more complex
visual search tasks, the salient regions might not necessarily be relevant. In order to address
this issue, other implementations of the saliency model consider the relative information of
an object with respect to the global information of the scene [10–12].
In the absence of salient elements, it is not possible to use these models as there are
no a priori privileged regions within the scene. As a consequence, another family of visual
searching models have been proposed, namely, the saccadic targeting models [13–17]. In
these studies, the main hypothesis is that saccadic eye movements are directed to locations
within the scene that contain elements similar to the target. This similarity can be due to
the image content as well as to a neurobiological filter. Within this framework, Najemnik
& Geisler propose a model where each point in space has a certain probability of being
explored and the saccadic movement is directed to the most probable regions [18, 19]. These
probabilities are then updated over time so that regions that were already explored are
less likely to be revisited, introducing in a natural way the notion of persistence while
searching. Moreover, other implementations of this model have taken into account the
proximity between consecutive saccadic movements by adding a cost function that punishes
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longer saccades [20].
Scanpaths produced by eye movements in general reveal different forms of persistence, at
the level of saccades [21] and also within the fixations [22, 23]. During most forms of random
search, persistence of the jittering movements (i.e. saccades in visual search) plays a crucial
role since it unveils the strategy involved [24, 25]. In fact, while looking for a hidden target
in a field of distractors, a variety of patterns have been documented [21, 26–28], ranging
from systematic or completely persistent to random. However, while some of the models
described above do make use of some form of persistence, they do not relate it to the overall
strategy of the search. Beside some exceptions [29, 30], the saliency models do not focus
on understanding the sequence in which the fixations are performed but instead determine
the regions where they are more likely to occur. On the other hand, the saccadic targeting
models, although dealing with the saccadic sequence, do not account for different strategies.
Here we propose a visual search model (VSM) that quantifies the global persistent be-
havior and the overall strategy employed while looking for a hidden target. The parameters
of the VSM define the saccadic orientation distribution, which has experimentally proven
to provide information regarding the strategy [21] and the scene content [27]. By studying
this distribution obtained from experimental data, we were able to identify different search
strategies that emerge from exploring the same scene and quantify them through the VSM
parameters. We analyzed the search strategies adopted in three different visual search scenes
that differ in the features and arrangement of the scene items. We found that the average
strategy changes with these scenes suggesting that scene content and structure influence the
way subjects execute their search.
In what follows we first describe the VSM and how to extract the model parameters from
the experimental scanpaths in the “cloud number (CN)” experiment. In this visual search
task the participants are requested to find a unique number “5” embedded in a field of
numbers ranging from “1” to “9” serving as distractors. By means of an efficiency measure
about the eye paths, we validate our model with respect to the experimental data. Then, we
identify the location of the experimental trajectories for three different visual search tasks in
the model parameter space and compare the average strategies applied for each task. Given
that the average position within the parameter space differs for the three cohorts, the VSM
can serve as a tool to predict the average strategy of similar experiments. Finally, we discuss
the implications of our results in the frame of visual search and the possibilities of exploiting
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the model to be used in other fields.
FIG. 1. Different types of visual trajectories are found in the “Cloud number (CN)” experiment.
During a visual searching task, where participants have to find a unique number “5” embedded in
a cloud of numbers between “1” and “9”, participants perform very different trajectories. These
trajectories range from a systematic search (Left) to a trajectory resembling more a random search
with a strong persistence imprint (Right).
VISUAL SEARCH MODEL (VSM)
While searching for a hidden target during a visual search episode, participants perform
different search strategies that vary from a very systematic to a seemingly random, as
depicted in Fig. 1. These strategies are identified by studying the relative orientation between
saccadic movements performed while searching. The saccadic relative angle distribution
provides information on the type of strategy employed [21] and may as well provide insight
regarding the scene an observer is looking at [27]. Therefore, the aim of the VSM is to
emulate visual search trajectories via the study of the distribution of the inter-saccadic
angles as main ingredient.
We sample the relative angle, θ, between two consecutive saccadic movements from two
distributions, as exemplified in Figs. 2.A,B. The first distribution corresponds to a uniform
distribution of all possible angles between 0 and 2pi (see Fig. 2.A), and the second one is a
uniform distribution with angles restricted to the interval [−δθ, δθ] (see Fig. 2.B). Angles
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FIG. 2. Schematic definition of the Visual Search Model (VSM). Two parameters, λ and δθ
govern the way to select the relative angles between two consecutive saccadic movements. We
consider two uniform distributions: one over all possible angles (A) and one in the range [−δθ, δθ]
(B). With probability 1 − λ angles are chosen from the first distribution and with probability λ
from the second one. Different combinations of these parameters result in a variety of distributions
(D) responsible for different visual search strategies, ranging from a pure random walk (C) to a
systematic search (E).
are chosen from the second distribution with probability λ, and from the first distribution
with probability 1 − λ. Therefore, only two parameters, λ and δθ, govern the statistical
properties of the relative angle distribution. The combination of these parameters gives rise
to a wide range of different trajectories. In the case λ = 0, angles can only be sampled
from the first distribution, corresponding to a purely random strategy, (see Fig. 2.C). On
the other hand, if λ = 1, the angle is only sampled from the step distribution, so that only
angles in the range [−δθ, δθ] are allowed. If in the latter case we further assume that δθ
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is very small, so that each saccadic movement persists in the direction of the previous one,
then the emergent trajectory will correspond to a systematic type of search (see Fig. 2.E).
Between the two extreme cases, we find a repertoire of trajectories that result from the
interplay between the parameters λ and δθ (see Fig. 2.D). The parameter λ is related to the
strategy employed during the search and δθ to the persistent behavior of the search. For
instance, an intermediate value of λ combined with a small value of δθ results in a trajectory
that can be identified as a random search with a strong persistence imprint.
Besides the relative angle distribution, another important ingredient in our model is the
length of the saccadic movements, i.e the length of the jumps. We consider them to be
sampled from a log-normal distribution, as reported in Ref. [26].
Estimation of λ and δθ from the experimental data. From the VSM we propose the
inter-saccadic relative angles, θ, to be sampled from a combination of a uniform distribution
over all angles and one in the interval [−δθ, δθ] (see Fig. 2). A conventional method to acquire
the parameters from experimental data would be to study the histogram of θ. However, one
issue of this approach is that the parameter δθ is bin-size dependent and thus, is not a robust
method for the parameter estimation. Moreover, the average number of θ values obtained
in each trajectory is around 250, thus making it difficult to determine with precision the
distribution from each of the scanpaths. One way around this issue is to extract the model
parameters directly from the experimental data. When the angles are ranked in increasing
order from −pi to pi, they present a characteristic shape of three linear segments, as shown
in Fig. 3.A with green dots. This shape is similar for all the trajectories (see Fig.S1). In the
extreme case that θ is sampled from the uniform distribution between −pi and pi, the ranked
angles form a straight line with a slope equal to 2pi. On the other hand, if θ is sampled from
the uniform distribution between −δθ and δθ, the ranked angles form a straight line where
θmax−θmin = 2δθ. Considering the evident threefold behavior of the ranked angles obtained
from the experiments and its origin as a combination of these three extreme cases, we fit the
data using three consecutive linear segments (see Fig. 3.A, solid orange lines). The middle
region depends on δθ, and the first and third regions are related to the uniform distribution
between −pi and pi. The estimation of δθ is straightforwardly performed as the difference
between the angle values defining the middle section equals 2δθ. The parameter λ is the
ratio between the number of angles originated by the oriented distribution, Nλ, and the total
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number of angles, N . Within this framework, Nλ corresponds to the difference between the
total number of angles and nstep, defined as the angle index value for which the extension
of the first linear segment is equal to pi. This allows us to estimate the parameters of the
VSM using the experimental data without the need of any intermediate manipulation.
RESULTS
In order to compare the VSM with the experimental data we study the efficiency, ε,
defined in terms of the space-filling attributes of the trajectories investigated (similar to the
method applied in Ref. [31]) The underlying hypothesis is that if the trajectory is able to
fill the image space then the chances of finding the target increases, as more locations are
examined. The efficiency is measured in the following way: given a trajectory of a finite
amount of steps, N , we divide the figure being explored with a grid of m×m cells. Next, we
determine the percentage of cells that were explored by the trajectory, as shown in Fig. 3.B.
When a fixation point falls into a cell, this cell is considered to be explored, since it is
during fixational events that most visual information is gathered [32]. On the other hand,
if a saccadic movement passes over a cell but there are no fixations inside it, the cell is
considered unexplored.
For a fixed length N of the trajectory, we have different mean ε values within the param-
eter space. An efficient trajectory is the one that visits many locations, i.e has a large value
for ε. The efficiency values obtained in the parameter space are depicted in Fig. 3.C. As
expected, the values corresponding to λ = 0 and any δθ are the same as the ones obtained
for δθ = pi and any λ value, since these trajectories emerge from the same distribution.
The optimal values are those having a large λ value and a small δθ. These are typical of a
systematic type of search, in which very few locations are inspected again. Therefore, the
final trajectory explores more locations as compared to the random strategy.
From the study of the relative inter-saccadic angle distribution of the CN cohort, we
estimate the corresponding parameters λ and δθ. When placed in the parameter space, we
see that the experimental data presents a dispersion in the parameter λ ranging from 0.1
to 0.8 (see Fig. 3.C). Interestingly, the estimated experimental values for δθ are confined
within a range related to small angles, therefore, associated to a persistent movement. We
find that the center of mass of these data points, i.e the mean values, is close to 0.4 for λ,
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FIG. 3. Comparison of the VSM with the experimental eye paths. (A) Estimation of λ and δθ from
the experimental trajectories. We rank θ (circles) for each experimental trajectory and perform a
fit of three linear segments (solid lines). The limits of the middle region (yellow shaded region)
define δθ. The difference between the extended line of the first region and the end of the third
region (green shaded region) defines the amount of angles, Nλ, originated by the distribution
restricted by δθ. The parameter λ is defined as the ratio between Nλ and the total number of
angles N . (B) Definition of space filling efficiency, ε. ε corresponds to the percentage of visited
locations (gray cells) after parceling the image into m × m cells. In this case, m = 10. (C)
Mean efficiency values obtained from the VSM parameters space for 100 realizations of the model.
The experimental data from the CN cohort (white dots) are placed on their corresponding λ
and δθ values. (D) Comparison between ε values obtained with the VSM and the experimental
ones. For each trajectory (i.e black points) we run the model with the same number of jumps
and the estimated λ and δθ values. The shaded area corresponds to the standard deviation of
100 realizations of the model. The data presented in (A) and the data point highlighted in (C)
correspond to the trajectory depicted in (B) with length ∼ 140.
and to pi/8 for δθ.
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For the estimated values of λ and δθ, we run the VSM with the corresponding values of
N for each trajectory and compare the obtained ε values. The VSM matches 78% of the
experimental data, as shown in Fig. 3.D. For some points, however the model fails to predict
the expected ε. For instance, one participant initiates with a systematic search and later
breaks away from that strategy to go for a systematic search truncated in space, i.e without
reaching the right end of the image (see Fig. S2). Our model is not able to reproduce this
behavior and, therefore, for the same set of parameters, λ and δθ, it generates instead a
more efficient search.
Interestingly, for the CN cohort we do not find an average behavior that is purely sys-
tematic, namely a λ value close to unity. As a consequence, one could ask whether the
average searching behavior changes for different searching tasks. We analyzed two other
experimental cohorts, namely, the “5-2” and “Where’s Wally? (WW)” sets, as reported in
Ref. [26] (See Mat. and Methods). The 5-2 experiment consists in finding a target, namely, a
single number “5”, in a regular array of distractors, namely, numbers “2”, that can be in red
or green. The WW experiment corresponds to scanning images from the famous children’s
book where the goal is to find “Wally”, a character wearing a striped shirt in a crowd of
people [33]. A visual search task as the 5-2 experiment, where the target and distractors
are placed on a regular lattice, might evoke predominantly systematic search strategies as
the regularity of the lattice over which the items are placed serves as a guide to the eye. If
indeed this is the case, this cohort should be characterized in the parameter space with large
λ values and small δθ. On the other hand, an experiment as WW, which is composed by a
very complex scene with no apparent regularities, might evoke a random strategy, as there
is no preferential searching direction. In the parameter space this would be achieved with a
small λ value and, in principle, any value of δθ. Within this hypothesis the CN experiment
can be viewed as an intermediate configuration between the aforementioned experiments, as
the items are positioned on a lattice but with random displacements.
We compute the parameters from the 5-2 and WW cohorts (see Fig.S3) and validate the
VSM to the experimental data (see Fig.S4). The location of all the trajectories composing
the experimental cohorts in parameter space are depicted in Fig. 4.A. The large variability
across the λ parameter appears within subjects as well as within trials performed by the
same subject in a searching episode (see Fig. S5). However, even though there is variability
present in each of these visual tasks, it is possible to identify a mean strategy employed
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FIG. 4. Different tasks are placed in distinctive positions in the parameter space. (A) Three visual
search experimental cohorts going from numbers placed in a regular lattice to a random position
exhibit distinctive λ values. The shaded area shows where the experimental data falls and the
circle represents the center of mass of each group. (B) The 5-2 experiment presents a median λ
value of 0.6 (green), the CN experiment, 0.4 (red), and the WW experiment, 0.2 (blue). (C) For
the median value of δθ there is no clear distinction and all experiments are confined to the range
[0,pi/4].
by each experimental cohort. The 5-2 experiment presents a median λ value of about 0.6,
whereas for the WW experiment it becomes about 0.2, as shown in Fig. 4.B. The values for
δθ are always confined within [0,pi/4], as shown in Fig. 4.C.
By combining the efficiency results from the VSM with the location of the experimental
data in parameter space we realize that the 5-2 cohort is the most efficient one. The other
trajectories are relatively less efficient. This raises the question whether the efficiency ana-
lyzed here, as well as the criteria reviewed in the literature, such as the overall time to find
a target, are adequate when it comes to compare different visual search tasks.
Through the study of the inter-saccadic relative angle distribution we were able to quan-
tify the average strategies employed in three visual searching experiments and catalog them
according to their λ and δθ values. The average strategy changes along the different cohorts
but always evoking persistent searches (small δθ values), Fig. 4.C. One could argue that the
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discrepancy within the average strategy employed appears as a consequence of the amount
of distractors present in the image. However, the 5-2 experiment was performed with differ-
ent amounts of distractors and significant differences between the average λ values have not
been observed (See Fig. S6). This suggests that the difference between the average strategies
appears as a consequence of the scene content and structure.
DISCUSSION
Our work focuses on the study of ocular patterns that emerge during a visual search
task. Through a simple model containing two parameters we show that the knowledge of
the saccadic relative orientation distribution gives the relevant information on the visual
trajectories found in experiments. The validation of the model with experimental scanpaths
through an indirect efficiency measurement confirms this fact. Moreover, the distribution of
the experimental data points over the parameter space shows that indeed there is a large
variability between the different visual strategies employed while searching, even for the
same subject performing the same experiment. Nevertheless, we are able to discriminate
changes in the average strategy across different scenes. This is shown through the analysis of
the model parameters λ and δθ, which suggests that the visual strategy employed is linked
to the underlying structure of the scene, even when the cognitive task remains the same, i.e
visual search.
The experimental cohorts presented in this work correspond to participants performing
visual searches in different scenarios. Even though these scenarios are easily distinguishable
from one another, they have the following common properties: a) the scenes are static, no
moving items were analyzed in these experiments; b) the scenes have no salient regions,
therefore there are no a priori privileged regions to explore in the image; c) the task always
involves finding a unique target hidden in a set of distractors; e) the distractors have the
same size as the target and, f) all distractors are equal, in principle, there are no distractors
less relevant than others. The layout of the items (from a regular lattice to a crowded space)
and the features associated to the distractors are the main sources of differences between
the experiments. In the 5-2 experiment, the items can either be a number “5” or a number
“2”. On the other hand, for the WW experiment, the items presented in the scene, although
they always involve people, present a variety of shapes and colors that make them richer in
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visual content, thus, making the scene more complex.
The difficulty of the task in which the participant is engaged while performing visual
search has a strong effect on the number of items that can be processed during a fixation [34,
35]. Following this idea, it has been suggested that what determines a visual task to be easy
or difficult is linked to the discriminability of the target [36, 37]. Accordingly, we can arrange
our set of experiments in the following order of increasing difficulty: 5-2, CN and WW. In
this way, our results indicate that a difficult task is more likely to be executed in a random
fashion with a relative degree of persistence, whereas an easy task evokes a more systematic
search. An intermediate difficulty task, such as the CN experiment, leads to a mixed type
of strategy within the aforementioned extremes.
Our method is simple enough to be used as a tool to further understand or diagnose
mental disorders. For instance, a recent study investigated how the visual patterns, while
performing different free viewing tasks, changes for healthy control versus schizophrenic
patients [38]. The authors presented a set of scenes, with different levels of image complexity,
for the participants to freely explore and recorded the position of theirs eyes while doing
so. They found that both groups reduced the area of exploration as the images become
less complex, while schizophrenic participants tend to maintain the same type of scanpath
for all the scenes. Therefore, it would be interesting to measure the parameters λ and δθ
over these trajectories and study how they change from one group to the other. We believe,
based on the reported trajectories in Ref. [38], that the average λ should change for the
healthy control group, whereas for the schizophrenic group it should remain constant along
the different levels of image complexity.
Our findings and methods can be also applied to other types of search such as way-finding,
where similar patterns appear for people looking for a target in a confined or open space [39].
Furthermore, within the framework of foraging and random walks in general, we propose a
very simple model that exhibits persistent behavior similar to the effect of “wind”, namely,
a directional bias in a random walk search [40]. Additionally, our model comes with the
advantage of being able to quantify the type of search by means of two parameters which
can be easily determined from experimental data.
In summary, we were able to use the parameter space of the model to correlate a particular
scene with a distinct average strategy. With this new relationship between visual strategies
and scene content we can predict the average strategy applied in a new experiment by
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comparing the new scene structure to the ones discussed here. As a perspective work, it
would be also interesting to extend our findings to search tasks that involve moving objects,
or perhaps to general visual tasks where the sequence of fixations is relevant. Furthermore,
given that the scenes are shown on a 2D display with well defined boundaries, it would be
worth investigating whether the systematic search strategies remain once the boundaries are
removed.
MATERIALS AND METHODS
Both experimental cohorts were conducted in the Universidade Federal do Ceara´ with partici-
pants who had normal or corrected to normal vision. The experimental data corresponding to the
CN cohort is published in Ref. [21] and the one corresponding the 5-2 and WW cohort, in Ref. [26].
The study has been approved by the Ethics Research Committee of the Universidade Federal do
Ceara´ (COMEPE) under the protocol number 056/11. All methods used in this study were carried
out in accordance with the approved guidelines and all experimental protocols were approved by
COMEPE. Informed consent was obtained from all subjects.
“Cloud number (CN)” cohort. Experimental data was recorded with an EyeLink 1000 system
(SR Research Ltd., Mississauga, Canada), with an acquisition frequency of 1kHz on a monocular
recording over ten subjects (Mean age: 24). Each subject carried out a sequence of four trials,
each one with a maximum duration of five minutes. In each trial we presented the participant an
image with numbers randomly distributed in a 1024 × 1280px image, where the goal was to find
a unique number “5” within 1499 distractors. Between each trial, the subject had the possibility
of relaxing and before starting the recording we performed a new calibration. At the beginning of
each trial, the participant was asked to fixate his/her eyes on the center of the screen, in case a
drift correction needed to be performed.
The classification of the fixation and saccades was made using the EyeLink online filter [41,
Section 4.3]. Fixations in the EyeLink system are identified using a saccade-pick algorithm. The
system analyzes the moment-to-moment velocity and acceleration of the eye using fixed thresholds
for both eye velocity and acceleration. If the eye goes above either the velocity or acceleration
threshold, the start of a saccade is marked. Analogously, when both the velocity and the accelera-
tion drop back below their thresholds, the algorithm identifies the saccade end. By default, every
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movement which does not lie within this definition is considered as being part of a fixation. The
saccade velocity threshold was set to be 30◦/s, the saccade acceleration threshold, 8000◦/s2, and
the saccade motion threshold, 0.15◦.
“5-2” and “Where’s Wally? (WW)” cohorts. Eye movements were recorded with a Tobii
T120 eye-tracking system (Tobii Technology), over 11 subjects (Mean age: 23). The stimuli were
presented on a 17 TFT-LCD monitor with resolution 1024 × 1280px and acquisition frequency
of 60Hz. The 5-2 experiment consists on finding a number “5” within an array of numbers “2”
serving as distractors. All numbers (target and distractors) are positioned on a square lattice
and are randomly colored red or green, hindering the visual detection of the target through the
identification of patterns on the peripheral vision. The number of distractors present in each task
is related to a degree of difficulty: DF0 (207 distractors), DF1 (857 distractors) and DF2 (1399
distractors). The maximum time given to search the target was 1, 1.5 and 2 minutes respectively.
The WW experiment consists in finding “Wally”, the famous character from the series of books
with the same name [33], who is hidden within a very complex background of crowded characters,
with a maximum searching time of 2 minutes.
As explained in Ref. [26] the identification of fixations and saccades was carried out with a
modified version of the fixation filter developed by Olsson [42].
Data availability. The datasets analyzed in the current study are available from the corresponding
author upon reasonable request.
Acknowledgments. The authors would like to thank H.F.Credidio for making available the
experimental data corresponding to the 5-2 and WW cohorts. This work was supported by the
Brazilian agencies CNPq, CAPES, FUNCAP, and National Institute of Science and Technology
for Complex Systems in Brazil. We acknowledge financial support from the European Research
Council (ERC) Advanced Grant 319968-FlowCCS.
Author contribution. T.A.A., M.L., H.J.H. and J.S.A. designed research; T.A.A. performed the
experiments; T.A.A. and M.L. analyzed data; T.A.A., M.L., H.J.H. and J.S.A. performed research;
T.A.A., M.L., H.J.H. and J.S.A. wrote the paper.
14
Competing financial interests. The authors declare no conflict of interest.
[1] M. P. Eckstein, J. Vis. 11, 14 (2011).
[2] L. Itti, C. Koch, and E. Niebur, IEEE Trans. Pattern Anal Mach. Intell. , 1254 (1998).
[3] L. Itti and C. Koch, Vision Res. 40, 1489 (2000).
[4] E. Over, I. Hooge, B. Vlaskamp, and C. Erkelens, Vision Res. 47, 2272 (2007).
[5] T. Foulsham and G. Underwood, J. Vis. 8, 6 (2008).
[6] K. A. Ehinger, B. Hidalgo-Sotelo, A. Torralba, and A. Oliva, Vis. cogn. 17, 945 (2009).
[7] K. Nakayama and P. Martini, Vision Res. 51, 1526 (2011).
[8] Z. Li, Trends Cogn. Sci. 6, 9 (2002).
[9] R. M. Shiffrin and G. T. Gardner, J Exp Psychol 93, 72 (1972).
[10] L. Zhang, M. H. Tong, T. K. Marks, H. Shan, and G. W. Cottrell, J Vis 8, 32 (2008).
[11] N. D. Bruce and J. K. Tsotsos, J. Vis. 9, 5 (2009).
[12] D. Gao, S. Han, and N. Vasconcelos, IEEE Trans. Pattern Anal Mach. Intell. 31, 989 (2009).
[13] R. P. Rao, G. J. Zelinsky, M. M. Hayhoe, and D. H. Ballard, Vision Res. 42, 1447 (2002).
[14] B. R. Beutter, M. P. Eckstein, and L. S. Stone, JOSA A 20, 1341 (2003).
[15] M. P. Eckstein, B. A. Drescher, and S. S. Shimozaki, Psychol. Sci. 17, 973 (2006).
[16] M. Pomplun, Vision Res. 46, 1886 (2006).
[17] G. J. Zelinsky, Psychol Rev. 115, 787 (2008).
[18] J. Najemnik and W. S. Geisler, Nature 434, 387 (2005).
[19] J. Najemnik and W. S. Geisler, J. Vis. 8, 4 (2008).
[20] C. Araujo, E. Kowler, and M. Pavel, Vision Res. 41, 3613 (2001).
[21] T. A. Amor, S. D. Reis, D. Campos, H. J. Herrmann, and J. S. Andrade, Sci. Rep. 6, 20815
(2016).
[22] R. Engbert, K. Mergenthaler, P. Sinn, and A. Pikovsky, Proc. Natl. Acad. Sci. USA 108,
E765 (2011).
[23] C. A. Marlow, I. V. Viskontas, A. Matlin, C. Boydston, A. Boxer, and R. P. Taylor, PLoS
One 10, e0139379 (2015).
[24] E. A. Codling, M. J. Plank, and S. Benhamou, J. R. Soc. Interface 5, 813 (2008).
[25] V. Tejedor, R. Voituriez, and O. Be´nichou, Phys. Rev. Lett. 108, 088103 (2012).
15
[26] H. F. Credidio, E. N. Teixeira, S. D. Reis, A. A. Moreira, and J. S. Andrade, Sci. Rep. 2
(2012), 10.1038/srep00920.
[27] O. Le Meur and A. Coutrot, Vision Res. 121, 72 (2016).
[28] B. C. Motter and E. J. Belky, Vision Res. 38, 1805 (1998).
[29] D. Brockmann and T. Geisel, Neurocomputing 32, 643 (2000).
[30] G. Boccignone and M. Ferraro, Physica A: Statistical Mechanics and its Applications 331,
207 (2004).
[31] R. Engbert and K. Mergenthaler, Proc. Natl. Acad. Sci. USA 103, 7192 (2006).
[32] D. H. Hubel, J. Wensveen, and B. Wick, Eye, brain, and vision (Scientific American Library
New York, 1995).
[33] M. Handford, Wheres Wally? The Wonder Book (Walker Books, London, 1997).
[34] B. C. Motter and D. A. Simoni, Vision Res. 48, 2382 (2008).
[35] W. S. Geisler and K.-L. Chou, Psychol. Rev. 102, 356 (1995).
[36] A. H. Young and J. Hulleman, J. Exp. Psychol. Hum. Percept. Perform 39, 168 (2013).
[37] J. Hulleman and C. N. Olivers, Psychon. Bull. Rev. 21, 652 (2014).
[38] J. I. Egan˜a, C. Devia, R. Mayol, J. Parrini, G. Orellana, A. Ruiz, and P. E. Maldonado,
Front. Psychiatry 4 (2013), 10.3389/fpsyt.2013.00037.
[39] T. J. Pingel and V. R. Schinazi, Cartographic Perspectives , 33 (2014).
[40] V. V. Palyulin, A. V. Chechkin, and R. Metzler, Proc. Natl Acad. Sci. USA 111, 2931 (2014).
[41] S. EyeLink, EyeLink 1000 User Manual (2010).
[42] P. Ollson, KTH Electrical Engineering (2007).
16
